ABSTRACT: Coral disease is playing a significant role in structuring today's coral reef communities. While monitoring programs document declines associated with coral disease, there is a lack of tools that can test hypotheses of disease incidence and control. Here, we describe a modeling tool developed to test hypotheses about the spread and impact of white plague disease in diverse coral populations distributed across heterogeneous reef landscapes. The model Simulation of Infected Corals (SICO) was based on the dynamics of white plague over the course of 6 yr of monitoring on the forereefs of Little Cayman (Cayman Islands, British West Indies). A pattern-oriented modeling approach using a genetic algorithm was used to calibrate model parameters that describe disease introduction, transmissibility, and host susceptibility. Simulation patterns most accurately reflected patterns observed at study sites when disease was introduced at regular intervals and was transmissible within a limited area. Projecting forward in time, coral cover tended to drop precipitously until colonies were so sparse that disease transmission among colonies was rare. A sensitivity analysis of disease parameters indicated that the effect of changing disease parameters depended on the type of coral community, but that in communities dominated by susceptible species, local preventative measures were generally more effective than treatment measures in limiting disease impact. 
INTRODUCTION
Diseases have been a significant source of mortality to reef-building coral populations in recent times (Hayes & Goreau 1998 , Aronson & Precht 2006 . Monitoring programs are able to chronicle coral reef declines related to disease (e.g. Porter & Meier 1992 , Miller et al. 2003 , Croquer et al. 2005 ), but there is a clear lack of tools capable of investigating the repercussions of disease to the structure and resilience of coral reef communities (Work et al. 2008) . This study addresses the need for such tools through the development of a novel model framework specifically tailored to investigate disease dynamics in complex coral communities.
This paper describes the development of an individual-based, spatially-explicit model using a long-term data set from the island of Little Cayman (Cayman Islands, British West Indies). The objective of developing this model was to examine the dynamics and impact of apparent white plague disease (Richardson et al. 1998) within the fore-reef communities of Little Cayman, where significant declines corresponding with high levels of disease have been recorded (Coelho & Manfrino 2007) . White plague disease affects corals throughout the Caribbean region (Sutherland et al. 2004 ) and has demonstrated a capacity to significantly alter the structure of coral populations in other regions (Richardson & Voss 2005) . Understanding the dynamics of this disease may be important to understanding how these and other reef communities in the Caribbean will change in the future.
Many uncertainties remain concerning the causative agent(s) (hence the qualifier 'apparent') and epizootiology of white plague incidence in corals (Ainsworth et al. 2007 ). It is not clear whether it is a transmissible disease or one that is caused by opportunistic infection due to an increase in the susceptibility of the coral (Bythell et al. 2004) . White plague can also be considered a type of disturbance that affects some coral species more than others (Sutherland et al. 2004 ). Recruitment, growth, and mortality rates of individual species influence how their populations respond to disturbances (Hughes & Tanner 2000) , and they can vary within species as well as by habitat (Edmunds & Elahi 2007 , Vermeij et al. 2007 . The process of model development and implementation can sometimes provide insight into the etiology and epidemiology of a disease not otherwise possible with observation alone. This is because a model environment allows the investigator to integrate information from many sources on disease and host dynamics and examine it within a single framework. Classical models of disease, however, often treat host populations as one unit (Anderson & May 1979) . In order to understand community-level impacts from disturbances, individual-based models have been applied that are able to combine specieslevel variability and spatial patterns of colonies (e.g. Maguire & Porter 1977 , Langmead & Sheppard 2004 , Sleeman et al. 2005 , Wakeford et al. 2008 . Therefore, an individual-based modeling design that was able to represent the complex fore-reef coral communities of Little Cayman was used here to address questions of white plague dynamics and impact within them.
A significant benefit of developing model frameworks for disease systems is the ability to test various scenarios of prevention or control. Because of the lack of understanding about the etiology of many coral diseases, responses to outbreaks have typically focused on observation and not necessarily on intervention (Raymundo et al. 2008) . As our understanding of disease transmission and coral susceptibility increases, strategies of intervention may be developed that are able to limit the effects of disease. Here we investigated hypothetical strategies of intervention by assessing the results of a sensitivity analysis of disease parameters within 4 simulated coral communities representing the Little Cayman study sites.
The model Simulation of Infected Corals (SICO) is first described following the Overview, Design concepts, and Details (ODD) protocol for detailing individual-based (or agent-based) models (Grimm et al. 2006) . Following a pattern-oriented modeling approach, model performance was then assessed by comparing community-level patterns documented on Little Cayman reefs over a 6 yr monitoring period (Grimm et al. 2005) . Similarities and differences between model outputs and field observations and a sensitivity analysis of disease parameters are then discussed in terms of parameterization concerns and potential future research priorities. Finally, results of intervention scenarios are discussed in terms of their impact within the various types of coral communities found on Little Cayman.
METHODS

Model description. State variables and scales:
Coral colonies are the basic units of SICO, and each colony occupies a space on a 2-dimensional grid. Each colony contains a list of variables that can be assigned values (Table 1) , ultimately allowing it to be unique and acquire its own history over the course of a simulation. These variables include those that describe a colony's species, size, and mortality. Simulated populations can be distributed such that their attributes represent those of real world populations based on population-level variables (Table 1) . Every colony's 'probability of infection' variable is what determines whether it becomes diseased during a simulation. This variable is influenced by the colony's interaction with the model and with other colonies in the simulation. Disease is not explicitly represented within the model as an actual agent, but rather, disease incidence is determined by the actions of the individual colonies themselves.
Process overview and scheduling: The model uses discrete daily time steps, with various actions for each coral occurring in a specific order (Fig. 1) . During a time step, colonies first execute commands for growth and mortality depending on their health status. A colony determines whether it will experience natural mortality, and if so, the amount of mortality experienced (Table 2 , Natural mortality probability, Natural mortality range). The probability that a colony will experience natural mortality was defined for these simulations using the observed mean prevalence of natural mortality on colonies in permanent quadrats at Little Cayman reef sites (Table 3) . Natural mortality range, which defines the actual amount of mortality experienced by simulated colonies if stochastically selected to experience natural mortality, was parameterized using the mean and maximum rates of mortality related to causes other than disease recorded on colonies in permanent quadrats at Little Cayman reef sites (Table 3) . Once a simulated colony experiences natural mortality, it then calculates the amount of growth it will experience during that step depending on its species (Table 2 , Growth rate range). The ranges for the growth rates used in these simulations were determined by a review of available literature (Table 4 ) and were species-specific when information on growth rates was available or, in rare circumstances, were based on rates for a similar species when published rates were not available (e.g. rates for Montastraea faveolata and M. franksi were based on those estimated for M. annularis). Once the amount of growth is determined for a colony during a simulation step, if it is infected, it then determines the amount of mortality it will experience due to disease based on a uniform distribution (Table 2 , Disease mortality range). Disease mortality range was parameterized here using disease-related mortality rates recorded during repeated observations of white plague-affected colonies in Little Cayman (methods described below, results in Table 3 ). Specifically, the upper boundary of this parameter was defined by the maximum rate of diseaserelated mortality (tissue lost, in cm d -1 ) observed in the field. During a simulation, if the disease mortality amount is less than the recovery threshold (Table 2) , the colony will recover and become susceptible again. If the total amount of mortality (natural or disease initiated) is greater than its size, the colony will die and be removed from the grid.
If a colony does not die before the end of each time step, it will interact with the model and with other colonies in the simulation to determine the value of its 'probability of infection' variable (Table 1) 0 at the beginning of a time step. All colonies go through this decision process one at a time, although the order in which colonies are selected to go through the process is randomized and does not affect the outcome of the simulation. After all colonies have performed their commands, the last action to occur in the model during a time step is recruitment, by which new corals are added to the simulation landscape. Design concepts: Emergence: The incidence of disease during a time step is determined by interactions among colonies and between colonies and the model. Disease prevalence and changes to the population and the community are, therefore, emergent properties of the model.
Sensing: Each colony 'knows' its species, size, and location, and this influences its specific growth, mortality and its interactions with other colonies within the model.
Interaction: During calibration exercises, transmissible and non-transmissible scenarios were tested. Under transmissible scenarios, direct interaction among colonies represented the ability of disease to be transmissible within a population. In non-transmissible scenarios, direct interaction among colonies was not allowed.
Stochasticity: Growth and mortality, either due to disease or other 'natural' causes, experienced by colonies during each time step was based on random selection from uniform distributions. These distributions were bound by upper and lower limits established from empirical observations. Colonies affected by disease would recover if their selected disease mortality for a time step was less than a designated threshold. These properties reflected the inherent stochasticity of growth and mortality of corals (Baker & Weber 1975 , Sleeman et al. 2005 ) and the observation that diseased colonies often recover when lesion progression slows (Richardson et al. 1998 , Nugues 2002 .
Observation: Outputs of the model include metrics that are similar to those obtained from field studies. Field data used in this study included coral cover (areal (1) Natural mortality probability is used to determine if the colony will experience natural mortality. If yes, it will select a random amount from a uniform range developed from empirical data. If the random amount is greater than the colony's size, it will die; if not, it will decrease the colony's size by that amount. (2) If a colony's size is less than the maximum size for its species, the colony will select a random value from a uniform range developed from literature reports of growth rates and will add that value to its size. (3) If a colony is infected, it will randomly select a disease mortality amount from a uniform range developed from empirical data. If that value is less than the recovery threshold, the colony will recover. Otherwise, if the disease mortality amount is greater than the colony's size, it will die; if not, it will decrease the colony's size by that amount. If the coral remains alive, and if disease is transmissible in the simulation, the colony will transmit disease by interacting with all other susceptible colonies. (4) At the end of the time step, all susceptible colonies become infected or remain susceptible based on the value of their probability of infection variable density of colonies), disease point prevalence (proportion of affected colonies at one point in time), coral community (the proportion of dominant species in the coral community), and the spatial distribution of diseased colonies.
Details: Initialization:
At the start of each simulation run, coral colonies are distributed and their variables assigned such that properties of the simulated coral population (e.g. coral cover, size distribution, and community composition) reflect that intended. Interaction 
Coral parameters
Natural mortality probability Probability of a colony experiencing natural mortality during a 0.002% / simulation day Field observations (Table 3) Natural mortality range Uniform distribution that defines the range for the amount of Mean = 0.8 cm / tissue lost through natural mortality by a colony on a Field observations simulation day (Table 3) Growth rate range Uniform distribution defining the range of tissue area added to Species dependent a colony per simulation day. Lower and upper boundaries ( 
Disease parameters
Disease mortality range Normal distribution defining the amount of tissue lost on a colony Mean = 5 cm due to disease during a simulation day. Lower boundary = 0, Field observations Average = average observed in field, Maximum boundary = (Table 3 ) maximum observed in field
Recovery threshold
If the simulation selects a value for disease mortality below this Assumed threshold, the colony will recover 0.001 cm d -1
Seeding proportion Percent of population selected to become infected by disease input Unknown Seeding time step Number of simulation days during a year that disease is input into Unknown the system Susceptibility probability Inherent probability of infection of colonies when encountered by Unknown an infected colony ρ Effect of distance on the force of infection between infected and Unknown susceptible colonies Table 3 . Mortality rates and prevalence of white plague (WP) and other mortality sources derived from field observations. Mortality rates are given as amount of tissue lost (in linear cm d -1
). Incidence proportion rates are the proportion of colonies in quadrats that became infected per day and were calculated by dividing the number of new cases of the condition observed in a quadrat by the total number of colonies in a quadrat and then by the number of monitoring days. Mortality rate for 'other' was derived from mortality observed on Agaricia agaricites, Montastraea annularis, M. faveolata, Siderastrea siderea, and S. radians. No mortality falling under the category of 'other' was found on any other species belonging to the monitored population among colonies can be turned on or off, so that scenarios of transmissible disease spread and non-transmissible disease incidence can be simulated.
Input -area and coral population characteristics:
The area of the 2-dimensional grid was defined as a model parameter (Table 2 , area). In the simulations discussed herein, this area was set as 100 × 100 m, or the area of a typical reef dive site. Each grid cell was capable of containing 1 coral colony object. Coral colonies were created in batches such that the overall coral cover, species composition, and associated size distributions of the colony population were equivalent to input values. Once colonies were created, they were distributed on the grid according to the parameter alpha (Table 2 ). This parameter described the spatial aggregation of colonies in simulations by defining the percent of colonies distributed randomly on the grid (Lundquist & Botsford 2004) . The remaining colonies intended for aggregation were distributed in randomly selected cells surrounding already distributed colonies (Fig. 2) . The simulated spatial distributions, specifically the proportion of colonies found within different distance categories out to 5 m from randomly selected central colonies, were compared to those found in the field. It was determined in preliminary runs that these distributions were not significantly different when alpha was between 10 and 30%. Therefore, alpha was set to 20% in simulations in order to attain a level of aggregation similar to what was found at the Little Cayman study sites. It was thus possible to represent heterogeneous properties of coral populations found in nature within the model landscape.
Preliminary sets of simulations (n = 10) that were parameterized using coral population characteristics from the 4 Little Cayman study sites (species compositions and average sizes given in Table 5 ) were run in the absence of disease but with constant recruitment and natural mortality for a simulated time period equivalent to the monitoring period. Coral cover in these simulations increased by approximately 1 to 2% each year at each site (Fig. 3) . This slow expansion of coral cover in the absence of disease and other sources of major disturbance (e.g. hurricanes) is consistent with the slow increase in coral abundance found at sites recovering from disturbances (Idjadi et al. 2006) . Submodels -disease incidence: Disease was not explicitly represented within the model as individual agents. Instead, individual colonies became infected based on the value of their 'probability of infection' variable, which was altered either by the model itself (disease input) or through interactions with other corals (force of infection).
Disease introduction was a process by which to 'seed' the model with disease, and was considered the extrinsic introduction of disease into the system. The 2 model parameters that determined disease introduction were disease seeding proportion, which was the proportion of colonies randomly selected to become diseased, and disease seeding time step, which defined the frequency of this occurrence (Table 2) . During the process of seeding, the model would initiate the incidence of disease at a time step by changing the probability of infection variable values of the randomly selected colonies to 100%.
In scenarios where colonies were allowed to interact (representing transmissible scenarios), disease was allowed to spread among colonies based on the strength Gladfelter et al. (1978); 3, Ma (1959); 4, Present (1977;  as cited by Gladfelter et al. 1978); 5, Huston (1985) ; 6, Hubbard & Scaturo (1985); 7, Shinn (1966) ; 8, Aller & Dodge (1974); 9, Baker & Weber (1975); 10, Dustan (1975); 11, Hoffmeister & Multer (1962) ; 12, Lewis et al. (1968); 13, MacIntyre & Smith (1974); 14, Vaughn (1915) Table 5 . Mean percent of population represented by each species (%) and mean maximum diameter of colonies (Size, cm) recorded in transects assessed at each site in 1999. Values were used to create the initial population of coral colonies in simulations of the force of infection among colonies, which could be affected by distance (Shirley et al. 2003) , and a competing risks model for calculating the probability of incidence of disease within each colony (Lai & Hardy 1999) . The strength of the force of infection, m, from an infected colony ( j) to a healthy colony (k) was determined by the healthy colony's susceptibility, s, and the distance separating the 2 colonies, d, which could be affected by a decay factor, ρ:
(1)
In Eq. 1, s k is the susceptibility of the healthy colony as defined by the disease parameter susceptibility probability (Table 2) , d jk is the distance (grid cells) between the infected and healthy colonies, and ρ is a decay factor describing the influence of distance on the spread of disease (Table 2) . Therefore, distance affected the spread of disease when ρ > 0, but not when ρ = 0.
At the end of every simulation step, each susceptible colony had a value of its probability of infection (pI) variable that was based on the forces of infection exchanged between itself (k) and any infected coral ( j), such that:
This equation is based on a competing risks model, where the individual interactions between infected corals and a healthy coral are assumed to independently affect the healthy coral's probability of infection. This probability could never exceed 100% (i.e. no coral could have a risk of disease >100%).
Submodels -recruitment: Recruitment, or the addition of juvenile corals to the simulation, was assumed to be open (Caley et al. 1996 , Connell et al. 1997 . We know of no quantitative data on recruitment rates from Little Cayman; therefore, the abundance of new corals added to the simulation was based on mean recruitment rates derived from available literature (Rogers et al. 1984 , Hughes 1985 , Tomascik 1991 , Smith 1992 . New colonies were added to the simulation at a frequency and in an amount determined by the parameters recruitment time step and recruitment amount, respectively ( Table 2 ). The number and timing of the addition of juvenile corals were set to reflect an annual recruitment event at the start of each simulation year based on observations of Caribbean coral reproduction (Szmant 1986 , Hughes & Tanner 2000 . Recruitment may have been over-or underestimated depending on species and time period because these rates may not apply specifically to Little Cayman. Parameterization of the model would therefore benefit from further studies quantifying recruitment rates specific to Little Cayman.
Measuring in the field. Study site: The model outputs were compared to data collected at 4 field sites (Coral City, Grundy's Gardens, Jigsaw Puzzle, and Sailfin Reef) surrounding Little Cayman, the smallest and least populated of the 3 Cayman Islands. Approximately half of the reef area surrounding this island is protected by a system of marine parks, which limits the extraction of resources and exposure to divers Model disease: The major source of mortality during the specified time period was found to be disease signs consistent with those described for white plague type II (Coelho & Manfrino 2007) . The etiologic agent of white plague was presumed to be a novel genus and species of bacterium, Aurantimonas coralicida (Denner et al. 2003) . However, recent work has established that similar disease signs may not represent common etiologies (Lesser et al. 2007 ). Preliminary results from samples taken from white plague lesions on colonies in Little Cayman showed that microbial communities of disease lesions were significantly different from those of healthy samples, but that they are similar to microbial communities found in lesions sampled in the Florida Keys, Dry Tortugas, and Flower Garden Banks (Cook et al. 2008) .
AGRRA surveys and disease monitoring: The 4 sites were distributed around the island of Little Cayman, 2 each on the leeward and windward sides, and were following the benthic methodology of the AGRRA program (Kramer & Lang 2003) . This includes a line-intercept method using haphazardly placed 10 m transects, where all colonies >10 cm that were found beneath the line were assessed for species, size, and the presence of disease. Coral cover was also measured as the percent of the available hard substrate directly under the line occupied by live coral. In addition to AGRRA surveys, 3 randomly placed, 4 × 4 m permanent quadrats were installed at 3 of the sites and 1 additional site in July 2004 (site Nancy's Cup of Tea was used in place of Jigsaw Puzzle). All coral colonies > 3 cm in diameter within quadrats (Table 6 ) were repeatedly monitored for the incidence of disease or other mortality for 3 consecutive weeks. Sites were revisited and repeatedly monitored again for 3 wk in 2005 (June-July), and then for the last time in July 2006. Tissue loss rates due to mortality events, including disease, were assessed by repeatedly photographing affected colonies from the same angle on each site visit and later analyzing area of tissue loss using the image analysis software ImageJ v1.37. Results from these observations given in Table 3 were used to define the parameters natural mortality probability, natural mortality range, and disease mortality range (Table 2) .
Spatial data on the distribution of disease was collected in June 2005 using randomly placed 5 m radius arc transects. Randomly located white plague-affected colonies served as the center of each circular transect with a 5 m radius, within which all other white plagueaffected colonies were recorded, and the distance to the center colony was measured. To determine a disease distribution that could be compared with model outputs, the mean proportion of diseased colonies found within each distance category, normalized for area, was calculated. Spatial distributions of disease recorded in simulations and in the field were statistically compared using a chi-squared goodness of fit test (Sokal & Rohlf 2001) .
Disease parameter estimation. To estimate disease parameters for which there was no empirical basis (value/source 'unknown' in Table 2 ), we used a genetic algorithm provided by the Java Genetic Algorithms Package (JGAP, http://jgap.sf.net). Genetic algorithms are appropriate for calibrating individualbased models (Marzloff et al. 2009 ). Following these methods, the set of 4 disease parameters to be estimated, including ρ, susceptibility probability, seeding time step, and seeding proportion, was considered the 'genotype.' The calibration process aimed to fit 3 population-level statistics (the 'phenotype') to corresponding observed statistics from the field data. These statistics included (1) All simulations were initialized based on coral population data from 1999 from Sailfin reef, and were run for a time period equivalent to the monitoring period in the field: 5 yr, or 1825 simulation 'steps,' with each step equivalent to 1 d. The first generation of simulation runs included 200 genotypes of the disease parameters drawn randomly from uniform ranges defined for these parameters in Table  7 . Following Marzloff et al. (2009) , the overall fitness of a genotype, F, was calculated at the end of each simulation run with respect to the subfitness, f i , of each statistic as:
The sub-fitness of each statistic was based on (1) whether the simulated statistics fell within valid intervals defined by the mean and standard deviation of field observations, and (2) how close each statistic was to the target statistic, such that: (4) where a = 0.5 if s i ∈ I i (where I i is the Table 6 . Colonies monitored in permanent quadrats. Three quadrats were randomly located and installed at each site. Nancy's Cup of Tea was used in place of Jigsaw Puzzle to monitor for disease and other related mortality rates because these 2 sites exhibited similar dynamics and were in close proximity, but Nancy's was easier to access repeatedly interval of acceptance) or a = 0 if s i ∉ I i , and b = 0.5 -c, with
According to their fitness, only the best 'adapted' genotypes would survive to reproduce and be the basis for new generations of genotypes. For each of the 3 statistics, the best genotypes were then used to define distributions from which to draw 100 new genotypes for the next generation. The genetic algorithm was stopped once the parameter estimation converged on an optimal genotype. The possible long-term impact of white plague on percent live coral cover was then investigated for each site by running 500 replicate 100 yr simulations using the best-fitting parameter values.
Sensitivity analysis. We tested the sensitivity of disease parameters by varying the values of each of these parameters 50% above and below either the assumed value for Disease mortality range and Recovery threshold or that estimated through calibration for all other disease parameters (Table 2) . We used coral parameter settings for each of the 4 sites, and ran simulations for a 6 yr time period. Ten replicate simulations were performed for each parameter set, and the average change in simulation coral cover was used as a measure of sensitivity. A multiple linear regression analysis was used to determine relationships between parameter values and the change in coral cover (Neter et al. 1996) . The effect size was measured as the ratio between the fractional change in the response (change in coral cover) and the fractional change in the parameter being varied, or the derivative of the log response with respect to log parameter. Based on this, a sensitivity index was calculated by multiplying the linear regression coefficient for each parameter by the default (estimated) parameter value and dividing it by the change in coral cover at the default parameter value (Law 2007) .
RESULTS
Disease parameter estimation
Accurate measures of the spatial distribution of disease were only achieved when disease was allowed to be transmissible among colonies (Fig. 4) . Disease parameter optimization occurred after approximately 110 generations where a stable maximum fitness of 0.95 was achieved (Fig. 5) . Best-fitting parameters included ρ = 3, seeding time step equivalent to yearly (= 365) disease introduction events, disease seeding proportion = 1%, and colony susceptibility probability = 1%. These parameter settings were applied to simulations initialized with values from the 3 other Cayman sites. Accurate patterns of coral cover change (Fig. 6A) well as disease prevalence (Fig. 6B) , and change in the abundance of corals of the reef-building Montastraea annularis species complex (Fig. 6C) were achieved for each of the 3 sites using the settings produced from the parameter optimization. Projections made using these parameter settings indicated that the 3 sites most affected by disease rapidly reached a state where coral cover no longer changed significantly on a yearly basis (Fig. 7) .
Results in response to varying parameters
Changes in coral cover due to disease were significantly affected by changes in several disease parameters, although it depended on site (Table 8) . Based on the calculated sensitivity index, changes in coral cover due to disease were largely affected by changes in ρ, mortality rate cap, and susceptibility at sites dominated by susceptible species (i.e. Sailfin Reef, Grundy's Gardens, and Jigsaw Puzzle). Coral cover at Coral City, where a non-susceptible species was dominant, was less sensitive to changes in disease parameters overall, but ρ was also the most sensitive parameter for this site. Model results were less sensitive to seeding time step, disease seeding proportion, and recovery rate.
DISCUSSION
Implications of disease parameter estimation
Simulations in which disease distribution displayed a spatially clumped distribution similar to that observed in the field were those in which disease was transmissible among colonies. A clumped distribution in nature can indicate contagious spread of disease (Diggle 1983) . However, genetic similarity associated with proximity or micro-habitat variability could create clumps of highly susceptible colonies, leading to a clumped distribution of diseased colonies. This might occur if the incidence of disease was based on a genetically-linked susceptibility factor and the genetic distribution of colonies was clumped. To our knowledge, no genotyping of colonies has yet been accomplished in Little Cayman at the scale that would allow testing of this hypothesis. This represents a further area of research for which results could easily be incorporated into the individual-based design of the model.
In simulations that most closely reflected observed data, disease was transmissible but transmission was limited to the immediate area of the colony. Longdistance transmission mechanisms (such as by water flow) may therefore be unlikely to be major factors in the spread of this specific disease. Instead, these results suggest that more likely scenarios are those that include direct tissue-to-tissue contact, or transmission through a vector that is limited in range. The vast majority of coral colonies in Cayman do not come into direct tissue contact with each other (M. E. Brandt pers. obs.), making the first case less likely. Short-range transmission via water flow where the causative agents have a limited viability in the water would be supported by these results. Transmission by contact with algae or through a mobile predator would also constitute vectors of limited range. Other work on coral disease transmission indicates that these latter scenarios are potentially important. For instance, Nugues et al. (2004) demonstrated that algal contact with coral tissue could initiate white plague-like signs in susceptible colonies and that algae potentially act as reservoirs for pathogen populations. Other studies have found that coral pathogens can also be transmitted between corals via coral predators that come into direct contact with diseased tissue (Sussman et al. 2003 , Aeby & Santavy 2006 . These results support these hypotheses, but clearly there continues to be a great need for further investigation into the transmissibility of disease in corals. Disease propagation among colonies was required to produce accurate scenarios, but these were secondary to the required multiple disease introductions into the system. A process following this pattern has been discovered in other coral host-pathogen systems, including Aspergillosis in sea fans (Jolles et al. 2002) and bacterial bleaching of Oculina patagonica in the Mediterranean Sea (Sussman et al. 2003) . In both examples, a re-introduction of the disease pathogen was required to sustain disease in the population, either through terrestrial runoff (Aspergillosis) or through the promotion of virulence factors with the return of summer temperatures (bacterial bleaching). Metapopulation dynamics can also govern the spread of disease, with one or more populations acting as sources for new disease in other distant but connected populations (Grenfell & Harwood 1997) . Metapopulation dynamics govern other ecological processes on reefs (Van Woesik 2000) ; therefore, it would not be surprising if this were the case for coral disease. Whether or not the disease is local or derived through connectivity with other populations, this research suggests that persistence of white plague within the coral communities of Little Cayman is dependent on a periodic reintroduction of disease into the system. 
Using models to investigate disease dynamics and impact
For sites where susceptible species dominated the community, model outcomes were most sensitive to the disease parameters describing the extent of transmission among colonies and the susceptibility of colonies, 2 promising and important areas of research (Weil et al. 2006) . A colony's susceptibility to disease can be negatively influenced by its exposure to stress, either acute or chronic (Borger 2005) . Limiting coral stress factors, such as sedimentation (Fabricius 2005) , exposure to injury (Henry & Hart 2005) , nutrients (Kuntz et al. 2005) , and thermal anomalies (Bruno et al. 2007) , may be effective at increasing colony resistance to infection. However, the capability to limit transmission is dependent on the mode of transmission, and this has not yet been definitively identified for white plague. Macroalgae are a reservoir and potential vector for the white plague type II pathogen (Nugues et al. 2004 ). Decreased incidence rates could potentially be achieved by reducing macroalgal abundance in the system, for example by limiting nutrient inputs or increasing herbivory by promoting herbivore populations. In some cases, increased resistance or limited transmission may occur naturally in a system through adaptation or through the removal of susceptible individuals resulting in naturally resistant populations. This natural acquisition of resistance or a declining susceptible population may be responsible for the recent inability to induce bacterial bleaching in Oculina patagonica colonies (Reshef et al. 2006 , Rosenberg et al. 2007 ), or to infect Florida Keys colonies with Aurantimonas coralicida (Richardson & Aronson 2002) .
The parameter describing disease progression also significantly affected model outcomes at sites dominated by susceptible species, most conspicuously at Grundy's Gardens, which is dominated by large colonies of Montastraea spp. Disease mortality rates are often the defining characteristic of many coral diseases, including white plague disease (reviewed by Sutherland et al. 2004 ), but these rates are significantly influenced by physical factors such as light, temperature, and nutrients in other disease systems (Kuta & Richardson 2002 , Boyett et al. 2007 . Halting a disease band by physical removal of the presumed affected tissue (i.e. the black band of a black band infection) has been attempted and was successful in the case of black band disease in the Florida Keys (NOAA 2009), but results for similar attempts on white plague infections in Little Cayman were variable (V. Coelho unpubl. data). In terms of practicality, this strategy may represent the most tangible of intervention strategies, but Table 8 . Results of the sensitivity analysis of disease parameters. Multiple linear regressions were performed to examine the effect on coral cover of varying each of the 6 disease parameters for each study site. A corresponding sensitivity index was calculated to measure the effect size these results suggest that it has less of an effect than increasing disease resistance or decreasing transmission. However, a greater understanding of what influences disease progression rates is needed in order to better investigate this important parameter. The model was much less sensitive to the timing and amount of disease introduction into the simulation environment. The paucity of information on pathogen sources makes understanding white plague introduction into a system unfeasible at the present time. If a source, such as terrestrial runoff, is identified in the future, this might represent a target for disease control and prevention measures.
Disease dynamics and impact within variable coral communities
Based on the assumptions of the model, the impact of white plague disease on the coral communities of Little Cayman was significant. A large percentage of the simulated coral cover was lost in all cases, except at Coral City, where the presence of a non-susceptible species, Acropora palmata, compensated for the loss of colonies of other susceptible species. A. palmata has historically been sensitive to the effects of disease, specifically white band disease, which is described by a similar set of signs as white plague, and may indeed represent the same disease (Bythell et al. 2004 ). However, white band was not observed to affect A. palmata in Little Cayman during this study. Regardless, these results suggest that disease will continue to play a significant role in structuring the fore-reef coral communities of Little Cayman unless actions occur to stem its current incidence rates.
Exploring the possibility of species-dependent susceptibility was beyond the scope of this study but should be explored in future modeling attempts, particularly in light of the observation that the Montastraea annularis species complex seems to be a dominant host of white plague (reviewed by Sutherland et al. 2004 ). Many factors may contribute to differential species susceptibility. For example, bacterial communities found within the mucus layer of corals can play a role in the resistance of disease (Ritchie 2006) and are known to differ among species (Ritchie & Smith 1996 , Klaus et al. 2005 . Other attributes of corals important to disease resistance include mechanical and chemical defenses that vary by species and affect competitive hierarchies (Lang 1973 , Nugues & Bak 2006 . A better understanding of species-specific defenses to disease is expected from ongoing work into the means by which corals defend against pathogen invasion (Israely et al. 2001 , Geffen & Rosenberg 2005 and what are 'normal' versus 'diseased' microbial communities of corals (Frias-Lopez et al. 2002 , Johnston & Rohwer 2007 .
Understanding how susceptibility varies by species is particularly important based on the observation here that many of the disease parameters that could be targets for intervention strategies were sensitive to changes, but that this depended on the type of coral community in which the disease was acting. Strategies of preventing disease incidence within the population (increasing host resistance) would be most effective at reducing disease impact at sites highly susceptible to disease because of their species composition. At sites where non-susceptible species were also dominant, strategies of treatment (limiting transmission) were most effective. Each strategy that targets one or more of the parameters controlling disease impact may take a different form, and be associated with variable levels of cost, difficulty in implementation, and political viability. These results suggest that the type and composition of coral community affected by disease should also be accounted for when considering the best course of intervention.
Field data to support model development
The methods by which data for model parameterization are collected can significantly affect model accuracy (Law 2007) . Annual large-scale monitoring efforts may be data-rich sources for model development, but the variability associated with these data can be considerable and they often are not able to provide high enough resolution for estimating important vital rates, such as disease progression. Temporally-intensive monitoring of fixed stations can provide such estimates, but this requires significant effort and alone might not represent the dynamics of the whole system (Krebs 1999) . The development of SICO, therefore, was dependent on a combination of data sources, including a database of repeated AGRRA surveying on Little Cayman and additional monitoring of fixed quadrats through time. The AGRRA data provided quantitative information on population-level changes that occurred through time that were useful for calibration. Fixed station monitoring provided estimates of important rates, including disease progression and mortality due to other factors. Future model parameterization would benefit from targeted field studies aimed at supporting model development.
CONCLUSIONS
To our knowledge, the SICO model is the first attempt to produce a simulation tool with which coral disease can be investigated that is also capable of representing the heterogeneity inherent in coral reef ecosystems. This modeling study has identified priority coral disease-research areas that may be essential to understanding disease dynamics and impact, but that have yet to be addressed. Modeling provides a perspective not possible with laboratory or field measurements alone. However, a model is only as good as the data on which it is based. Data on coral disease transmission and host susceptibility remain relatively scarce, and more quantitative studies on these factors as well as general coral demographics would increase the accuracy of model parameterization, thereby increasing its power to predict outcomes. Ultimately, this model provides a flexible framework able to incorporate new information as it becomes available and to test new hypotheses as the field of coral disease research matures. With better models, we can continue to improve our understanding of disease dynamics within and among a diversity of coral populations in order to better conserve them for the future. 
